The animal gastrointestinal tract houses a large microbial community, the gut microbiota, that confers many benefits to its host, such as protection from pathogens and provision of essential metabolites. Metagenomic approaches have defined the chicken fecal microbiota in other studies, but here, we wished to assess the correlation between the metagenome and the bacterial proteome in order to better understand the healthy chicken gut microbiota. Here, we performed high-throughput sequencing of 16S rRNA gene amplicons and metaproteomics analysis of fecal samples to determine microbial gut composition and protein expression. 16 rRNA gene sequencing analysis identified Clostridiales, Bacteroidaceae, and Lactobacillaceae species as the most abundant species in the gut. For metaproteomics analysis, peptides were generated by using the Fasp method and subsequently fractionated by strong anion exchanges. Metaproteomics analysis identified 3,673 proteins. Among the most frequently identified proteins, 380 proteins belonged to Lactobacillus spp., 155 belonged to Clostridium spp., and 66 belonged to Streptococcus spp. The most frequently identified proteins were heat shock chaperones, including 349 GroEL proteins, from many bacterial species, whereas the most abundant enzymes were pyruvate kinases, as judged by the number of peptides identified per protein (spectral counting). Gene ontology and KEGG pathway analyses revealed the functions and locations of the identified proteins. The findings of both metaproteomics and 16S rRNA sequencing analyses are discussed.
T he domestic poultry industry is an important livestock sector producing meat and eggs for human consumption, the vast majority of which are produced by large commercial enterprises in intensive industrial systems (1) .
The gut microbiota carries out vital processes for normal digestive functions of the host, and it can be considered an acquired organ comprising very large numbers of diverse bacterial cells that can perform differing functions (2, 3) , perhaps the most commercially important being its contribution to feed conversion. The mature microbiota is highly diverse, with over 1,000 bacterial species in chickens (4) . Colonization of the chicken gastrointestinal (GI) tract by commensal bacteria is an ongoing process which begins immediately after hatching, and the microbiota of the small intestine is established by week 2 (5) (6) (7) (8) . Microbes in the GI tract may be grouped into either commensal organisms or transient and potential pathogens. The commensals are adapted to the host environment and are often considered beneficial by providing vitamins, amino acids, and short-chain fatty acids to the host: acetate, butyrate, and succinate are commonly produced, with butyrate being the preferred energy source for host epithelial cells (9) . The normal microbiota also mitigates against pathogens by mechanisms that are not yet fully understood.
The gut microbiota is composed of a large number of bacteria comprising very diverse species that are presumed to both compete and cooperate synergistically for the use and catabolism of nutrient resources (10) . We hypothesized that while the highthroughput genomic approach is an appropriate tool for assessment of the state of the gut microbiota, such as bacterial diversity, proteomics analyses would provide a fingerprint of metabolic and stress responses of the bacteria to the specific environment of the chicken gut, where nutrient limitation and higher body temperatures, 40°C to 43°C, provide stress. As a preliminary step in making this assessment, we wished to provide proof of principle by performing protein expression proteomics and 16S rRNA sequencing analyses and using bioinformatics analysis to identify major protein functions and pathways. These analyses provided starting points to evaluate the chicken gut microbiota and potentially to develop biomarkers for infections.
MATERIALS AND METHODS
Bacterial extraction. Two pooled fecal samples from 30 18-week-old white leghorn chickens fed Attlee's nonmedicated poultry feed (Lillico Attlee, Dorking, Surrey, United Kingdom) and housed in biosecure rooms in groups of 15 were collected for this study. Bacterial cells were extracted from freshly collected samples by using the differential centrifugation method (11) . Briefly, fresh chicken fecal samples were collected from the two rooms in the early afternoon (2 to 3 p.m.). To obtain sufficient cells for protein extraction, the samples were pooled and dispensed into three tubes, each containing 5 g. The 5-g pooled fecal samples were resuspended by vortexing in phosphate-buffered saline (PBS) (138 mM NaCl, 2.7 mM KCl, 8 mM Na 2 HPO 4 , 2.8 mM KH 2 PO 4 [pH 7.2]) containing 0.1% Tween 80 in 25-ml Universal tubes. The samples were spun at 300 ϫ g for 10 min at 8°C, and the supernatants were collected. Fresh PBS containing 0.1% Tween 80 was added to the sample tubes, and the tubes were vortexed to resuspend the pellets. This cycle was repeated 4 times to gather bacterial cells. The cells in the supernatants were pelleted by centrifugation at 14,000 ϫ g for 20 min at 4°C. The recovered cells were washed three times in 50 ml PBS plus 0.1% Tween 80 through resuspension and centrifugation and stored at Ϫ20°C.
16S rRNA gene sequencing analysis. Portions of bacterial cells purified from the chicken fecal samples used for proteomics were gathered for DNA isolation. Approximately 200 mg of each fecal sample was placed directly into a Maxwell 16 Tissue DNA Purification kit sample cartridge (Promega, USA). Genomic DNA was purified by using the Maxwell 16 Instrument (Promega, USA), as recommended by manufacturer, which includes mechanical disruption. Eluted DNA was stored at Ϫ20°C until future use. DNA yield and purity were determined by using a NanoDrop spectrophotometer.
Aliquots of extracted DNA were amplified with universal primers for the V4 and V5 regions of the 16S rRNA gene. Primers U515F (5=-GTGYC AGCMGCCGCGGTA) and U927R (5=-CCCGYCAATTCMTTTRAGT) were designed to permit amplification of both bacterial and archaeal ribosomal gene regions while providing the best possible taxonomic resolution based on previously reported information (12, 13) . Forward fusion primers consisted of GS FLX Titanium primer A and the library key 5=-C CATCTCATCCCTGCGTGTCTCCGACTCAG, together with one of a suite of 16 10-bp multiplex identifiers (MIDs) (Roche Diagnostics, United Kingdom). Reverse fusion primers included GS FLX Titanium primer B and the library key 5=-CCTATCCCCTGTGTGCCTTGGCAGTCTCAG. Amplification was performed with FastStart HiFi polymerase (Roche Diagnostics Ltd., United Kingdom) by using the following cycling conditions: 94°C for 3 min and 30 cycles of 94°C for 30 s, 55°C for 45 s, and 72°C for 1 min, followed by 72°C for 8 min. Amplicons were purified by using Ampure XP magnetic beads (Beckman Coulter, United Kingdom), and the concentration of each sample was measured by using the fluorescencebased Picogreen assay (Invitrogen, USA). Concentrations were normalized before pooling samples in batches of 8, each of which would be subsequently identified by its unique MID. Pooled samples were then subjected to unidirectional sequencing from the forward primer on the 454 GS FLX Titanium platform according to the manufacturer's instructions (Roche Diagnostics).
The bar-coded pyrosequencing data were analyzed by using the QIIME database (http://www.microbio.me/qiime/) and QIIME version 1.5.0-dev (14) . The QIIME database processing pipeline allows correction for possible biases arising from different depths of sequence across samples by splitting the raw sequence data into samples by bar codes and filtering the low-quality reads using QIIME database default parameters. Each library was subsampled to an even sequencing depth of a minimum of 500 sequences per sample and clustered into operational taxonomic units (OTUs) by using a closed-reference OTU-picking protocol at 97% sequencing identity (similar to the species level) using UCLUST (15) .
A representative sequence for each OTU was chosen for downstream analysis based on the most abundant sequence from each OTU. PyNAST was used to align sequences with a minimum length of 150 bp and a minimum identity of 75.0% (16) . OTUs were assigned to a taxonomy by using Ribosomal Database Project (RDP) Naive Bayes classifier v 2.2 with the confidence level set at 0.8 (17) . ␤ diversity (diversity between groups of samples) was used to generate principal coordinate plots for each sample using unweighted and weighted UniFrac distances (18) .
Protein extraction. Bacterial cells were disrupted by sonication (3 times for 10 s) (19) , and cell extracts were recovered by centrifugation at 14,000 ϫ g for 10 min at 4°C. Protein contents were determined by using Coomassie Plus protein assay reagent (Thermo Scientific) with bovine serum albumin (BSA) as the standard, according to the manufacturer's instructions.
Proteolytic digestion with trypsin. Digestion was carried out according to the instructions provided with the Fasp protein digestion kit, which is based on filtering out undesirable substances during sample preparation (Protein Discovery, USA). In brief, 0.4 mg of total protein resuspended in 30 l UPX Universal protein extraction buffer was heated at 99°C for 10 min. Two hundred microliters of urea sample solution was mixed with protein samples in spin filters, and the filters were spun at 14,000 ϫ g for 15 min. The flowthrough was discarded. Ten microliters of 10ϫ iodoacetamide solution and 90 l urea sample solution were added to the filters and mixed by vortexing for 1 min. The filters were kept in the dark for 20 min at room temperature (RT) before being centrifuged at 14,000 ϫ g for 10 min. The spin filters were centrifuged again for 15 min after the addition of 100 l urea sample solution, and this step was repeated twice. The flowthrough was discarded. Ammonium bicarbonate solution (100 l) was added to the filters, and the filters were centrifuged at 14,000 ϫ g for 10 min; this step was also repeated twice. Trypsin (5 g; Promega, United Kingdom) in 100 l ammonium bicarbonate solution was added to the filter. The mixture was vortexed and incubated at 37°C for 18 h. The filter was transferred into a fresh tube before peptides were collected at 14,000 ϫ g for 10 min. The collection of peptides was repeated after the addition of 100 l ammonium bicarbonate solution to the filter. Finally, 100 l 0.5 M NaCl was added, and peptides were collected again. The peptide concentration was measured by using a NanoDrop 1000 spectrophotometer (Thermo Scientific, USA) at 280 nm. The peptides were desalted by using C 18 columns before being analyzed by quadrupole time of flight (QTOF) mass spectrometry or being fractionated by strong anion exchange (SAX).
Peptide fractionation by strong anion exchanges. SAX was performed as described previously (20) . Briefly, 30 to 50 g tryptic peptide was loaded at pH 11 onto a tip-based anion exchanger constructed by using six layers of an Empore anion exchange disk (3M, Bracknell, United Kingdom). The column was equilibrated, and fractions were eluted by using Britton-Robinson buffer (20 mM acetic acid, 20 mM phosphoric acid, and 20 mM boric acid titrated with NaOH to the desired pH). Fractions were eluted subsequently with buffer solutions of pH 11, 8, 6, 5, 4, and 3. The fractionated peptides were desalted by using C 18 columns. C 18 desalting. Two types of cartridges were used for desalting: Sep Pak Vac 3cc (200 mg) C 18 cartridges (Waters, United Kingdom) for peptides after the Fasp method was performed and Empore C 18 3-ml solid-phaseextraction cartridges (3M, Bracknell, United Kingdom) for peptides after SAX fractionation was performed. Two buffers were used for both cartridges. Buffer A contained 98% H 2 O, 2% acetonitrile, and 0.1% formic acid, and buffer B contained 80% acetonitrile, 20% H 2 O, and 0.1% formic acid. The wash and elution steps were carried out in accordance with the manufacturer's instructions. The eluted peptides were dried with a Speed Vac. The peptides were then resuspended in buffer A, and the concentration was measured with a NanoDrop 1000 spectrophotometer at an A 280 before use.
LC-MS/MS analysis. The peptide samples were analyzed by using a 1200 series nanoscale liquid chromatography (NanoLC) instrument connected online to a 6520 QTOF mass spectrometer (mass accuracies better than 2 ppm for mass spectrometry [MS] and 5 ppm for tandem MS [MS/ MS] and mass resolution of up to 20,000) via an orthogonal electrospray Chipcube interface (Agilent Technologies, United Kingdom). Peptide samples (1 g in 0.1% formic acid) were injected for LC-MS/MS analysis with a 120-min gradient from 3% (vol/vol) acetonitrile-0.1% (vol/vol) formic acid to 40% (vol/vol) acetonitrile-0.1% formic acid and from 3% (vol/vol) acetonitrile-0.1% (vol/vol) formic acid to 75% (vol/vol) acetonitrile-0.1% formic acid by using a high-capacity (160-nl) 150-mm C 18 chip (Agilent Technologies, United Kingdom). The mass spectrometer was operated with mass ranges of 250 to 2,000 m/z for MS and 50 to 2,000 m/z for MS/MS at a constant flow rate of 500 nl/min. Acquisition rates were 3 spectra/s for MS and 5.01 spectra/s for MS/MS, and the mass reference was 922.009798 m/z. Spectrum identification and gene ontology analysis. Mascot (version 2.3; Matrix, United Kingdom) analysis was carried out to identify peptides and to search for proteins in the NCBI nonredundant (nr) database (release date, 28 March 2011). The following settings for a database search from the QTOF data were employed: mass tolerances of 0.3 Da for MS spectra and 0.3 Da for MS/MS spectra. The target decoy search was selected to obtain false discovery rates (FDRs). The significance threshold, P, was adjusted so that the false discovery rate was Ͻ5% when a peptide matched above the homology or identity threshold. Gene ontology (GO) and pathway analyses of the identified proteins were performed with Protein Information Resource (iProXpress) bioinformatics tools.
RESULTS

16S rRNA gene sequencing analysis.
To gain information on the bacterial population in the healthy chicken gut using freshly voided fecal samples as a surrogate, total DNA extracted from the pooled sample was analyzed. Bacterial taxon detection, with the most abundant phyla, class, and genera, is summarized in Fig. S1 in the supplemental material. The bacterial community in the healthy chicken gut was dominated by members of the phyla Firmicutes and Bacteroidetes, at 55.99 and 35.5%, respectively, with lower percentages of Proteobacteria at 1.7%, Actinobacteria at 0.1%, and all others at 6.7%. The most frequently identified bacterial families are listed in Table 1 . The most frequently identified bacterial taxa were Clostridiales (2,422 sequences), Bacteroidaceae (2,206), and Lactobacillaceae (2,011).
Metaproteomics analysis of chicken fecal samples. Chicken gut microbial metaproteomes were obtained from the same pooled fresh fecal samples used for 16S rRNA sequencing. Peptides identified by both the Fasp method and fractionation by strong anion exchange were analyzed by LC-MS/MS. A flow diagram of the peptide fractionation and analysis is presented in Fig.  S2 in the supplemental material. To maximize protein identification, the peptides identified by SAX were analyzed with two gradient elution profiles: 75% buffer B and 40% buffer B in 120 min. Spectrum identification and subsequent protein identification were performed by using the Mascot search engine (Matrix, United Kingdom) and the NCBI nr database. To ensure high confidence, the false discovery rate (FDR) was set at Ͻ5% (21-24). The details of the Fasp runs, the percent FDR, and the number of identified proteins in each step are presented in Table S1 in the supplemental material. The list of proteins identified by using Mascot is presented in Table S2 in the supplemental material, and the list of proteins mapped to UniProt identifications is presented in Table S3 in the supplemental material.
A total of 3,673 proteins were identified in this study (see Table  S2 in the supplemental material). Although the peptides were further fractionated by SAX, there were still proteins identified by the Fasp method alone. Of 812 proteins identified by the Fasp method, 436 proteins were identified by both methods (Fig. 1) . To remove redundant proteins from the NCBI nr database, the identified proteins were mapped to UniProtKB accession number identifications from NCBI gi numbers (25) .
A total of 3,487 proteins were mapped to UniProtKB identifications, representing 799 genera (see Table S3 in the supplemental material), of which 11% (380) belonged to Lactobacillus spp. and 4.4% (155) belonged to Clostridium spp. ( Table 2 ).
The abundance of a protein is usually correlated with peptides identified in a given sample. Spectral counting is a popular method for quantitative proteomics, as the more peptides identified, the more abundant a protein in the sample (26) . It is interesting to note that although pyruvate kinases were the most abundant proteins as determined by peptide counting, including 27 peptides from Lactobacillus crispatus JV-V01 pyruvate kinase (see Table S2 in the supplemental material), they were not the most frequently identified proteins in this study (Table 3 ). Other abundant bacterial proteins were phosphoglycerate kinase and elongation factors (see Table S2 in the supplemental material).
When MS/MS spectra are searched against a sequence database, peptides, rather than proteins, are matched. Each protein is identified with at least one unique peptide. In many cases, the matched peptides are not unique to a single protein. Given a set of peptides, sometimes several proteins can be identified, although only one protein is present on the protein list. These peptides are also called semiunique peptides. This is particularly problematic for metaproteomics, as many bacterial species in the gut are closely related. For example, there were 11 peptides matching glyceraldehyde-3-phosphate dehydrogenase of Lactobacillus johnsonii NCC 533; the same set of peptides matched glyceraldehyde-3-phosphate dehydrogenase type I of Lactobacillus gasseri 202-4. This matching information is detailed for identified proteins in Mascot searches. To inspect our data set for the extents of this occurrence and as a quality control, we performed two checks with belonged to the same genus, and 12 belonged to the same family/ order. Therefore, the majority of matching proteins belonged to the same species but were identified with different protein identifications. Bacterial adaptation in the chicken gut. The most frequently identified proteins in this study were chaperone proteins, including 349 GroEL and 18 DnaK proteins (Table 3) . Proteases involved in the heat shock response, such as 1 Clp protease and 2 FstH proteases (39), were also identified (see Table S3 in the supplemental material). Other stress proteins included 5 cold shock proteins, 7 cytochromes, 4 superoxide dismutases, 2 thioredoxins, and 4 peroxidases (see Table S3 in the supplemental material), which may suggest that to live in the chicken gut, bacteria need to adapt to the environment. Also, many of the frequently identified proteins (Table 3 ) may be involved in coping with stress conditions, although, by definition, their normal functions are not in the stress response. For example, elongation factor G (EF-G) and EF-Tu are part of the protein translation machinery in Escherichia coli, but they have also been shown to possess chaperone properties (35, 37) . Other identified stress-related proteins included 30S ribosomal protein S1, 30S ribosomal protein S3, 50S ribosomal protein L7/L12, EF-G, polynucleotide phosphorylase, DnaK and GroEL enolases, polynucleotide phosphorylase, and pyruvate-flavodoxin oxidoreductase (Table 3) , many of which have been shown to be upregulated in different pure bacterial cultures under acid stress, metabolic stress, oxidative stress, and other stress conditions.
Other proteins. There were 146 host proteins identified in this study, of which 47 were mapped to UniProt identifications, including two mucins (see Table S2 in the supplemental material). Secretory IgA (SIgA) produced in mucosal linings serves as the first line of defense against microorganisms through a mechanism called immune exclusion (40) . There were 69 immunoglobulin proteins which were not mapped to UniProt identifications. Close inspection revealed that they were unique proteins which differed in the variable regions, as judged by sequencing alignment. These proteins can be divided into three groups: the light chains, the heavy chains, and the joint chains. The difference in protein identifications is likely due to the variable regions from both light and heavy chains.
There were 19 glycine (soybean) proteins, 11 rice (Oryza sativa) proteins, 4 maize (Zea) proteins, as well as 1 onion protein identified in this study. According to the ingredients reported by Lillico Attlee, the feed contains soybeans, wheat, and maize.
Gene ontology and pathway analysis. Although many of the identified proteins have been implicated in adaptation, it is difficult to quantify how many of the proteins are actually used by bacteria for these functions. Therefore, gene ontology analysis is still important, as it describes the major functions and locations of proteins. GO SLIMs are cut-down versions of the GOs containing a subset of the terms in the whole GO.
Functional annotation of the proteins identified was performed by using iProXpress software. The following search criteria were set: GO SLIM cellular component, GO SLIM molecular function, and GO SLIM biological process.
The cellular component search identified 1,022 of the 3,487 proteins as cytoplasm proteins (GO:0005737) (Fig. 1A) . Other components were cell part (GO:0044464; 383 proteins), membrane (GO: 0016020; 191 proteins), protein complex (GO:0043234; 153 proteins), and ribosome (GO:0005840; 120 proteins).
The largest group in the molecular function group was nucleotide binding proteins (GO:0000166; 1,648 proteins) (Fig. 1B) . For example, GroEL binds to ATP, while EF-G binds to GTP for their functions. Other functions frequently identified were oxidoreductase activity (GO:0016491; 695 proteins), nucleic acid binding (GO:0003676; 631 proteins), and transferase activity (GO:0016740; 550 proteins). As the total number exceeded 3,487, some proteins must have been defined in several functional groups.
Proteins required for carbohydrate metabolism were the most frequently identified proteins in the biological process group (GO: 0005975; 752 proteins) (Fig. 1C) . Other groups included oxidation reduction proteins (GO:0055114) (709 proteins), alcohol metabolic proteins (GO:0006066; 690 proteins), and metabolite and energy proteins (GO:0006091; 401 proteins).
The iProXpress package also provided the KEGG (Kyoto Encyclopedia of Genes and Genomes) pathway analysis. The major pathways were metabolic pathways (KEGG 01100; 639 proteins) (Fig. 1D) , biosynthesis of secondary metabolites (KEGG 01110; 360 proteins), microbial metabolism in diverse environments (KEGG 01120; 346 proteins), glycolysis (KEGG 00010; 325 proteins), and RNA degradation (KEGG 03018; 233 proteins).
DISCUSSION
In this study, we took great care to process freshly voided fecal samples as rapidly as possible, and it is possible that some of the proteins identified reflect the state of the bacteria that have responded to the fecal ex vivo environment (aerobic and ambient temperature), so some caution is required if translating the findings directly to the in vivo environment.
Large-scale sequencing reduces errors in estimations of bacte- rial populations in the gut. In this study, Ͼ10,000 sequences were identified by using the conserved V4 and V5 regions of the 16S rRNA gene (Table 1) . Other 16S rRNA gene sequencing studies have also shown a wide range of bacteria present in the gut for each bacterial genus (8, (41) (42) (43) . However, as demonstrated in this study, it is not always possible to correlate the bacterial population in the gut with the protein population, as different bacterial species express different proteins under stress and other environmental and variable conditions. Species identification is different between proteomics and 16S rRNA gene sequencing. For proteomics, more abundant proteins are identified with more peptides. However, each protein is listed only once. For 16S rRNA gene sequencing, the abundance of a species is represented by the number of times that the gene is sequenced. Therefore, 16S rRNA gene sequencing reflects the true proportion of a bacterial species within a population, assuming that each cell contains only one copy of the 16S rRNA gene. However, previous studies have shown that 16S rRNA-based analyses of metagenomic samples may be biased because of unequal PCR amplification of 16S rRNA genes from different species and could also be complicated by amplification artifacts such as chimeric sequences and sequencing errors (44) . A previous study by Ashelford et al. (45) showed that at least 1 in 20 16S rRNA sequences currently in public repositories contains substantial anomalies.
Biased amplification of 16S rRNA genes can be overcome by using whole-genome shotgun (WGS) sequencing. This method of metagenomic sequencing also has its disadvantages. The relative organism abundances inferred from WGS metagenomic sequences can vary significantly depending on the DNA extraction and sequencing protocols utilized (46) . In addition, shotgun metagenomic sequencing is generally considered not deep enough to detect rare species in complex communities, and low-abundance species are best identified through 16S rRNA gene sequencing (47) . A recent comparative study (48) showed significant differences in the bacterially diverse populations derived from 16S rRNA gene sequencing and whole-genome shotgun metagenome sequencing of the same sample. The differences were not due to the different depths of sampling of the two methods and indicated that 16S rRNA gene sequencing can profile the bacterial communities in greater detail than can metagenomics. The results of that study indicate that even when corrected for depth, conclusions derived from 16S rRNA gene sequencing and shotgun metagenome sequencing cannot be directly compared. Our findings also seem to support this conclusion.
In this study, GroEL and DnaK were among the most frequently identified proteins, indicating stress responses. The metaproteomics analyses suggested that these stress-related proteins were much less frequently identified in human (49) and pig (Y. Tang, A. Underwood, A. Gielbert, M. J. Woodward, and L. Petrovska, unpublished data) fecal samples. Chicken body temperatures vary between 39.8°C and 43.6°C at different times of the day, while the human body temperature is 37°C and the pig body temperature is 38.8°C. Several studies have shown that, at least in pure culture, E. coli, Clostridium acetobutylicum, Lactobacillus plantarum, and Campylobacter jejuni heat shock responses were triggered when the growth temperature was increased to 42°C (16, (27) (28) (29) . Thus, the main stress factor might be the higher body temperatures of the chicken gut. Other factors, such as acid stress, metabolic stress, or uric acid, might also play a role. Birds excrete excess nitrogen in the form of solid uric acid crystals as composite excreta with fecal contents, as there is no separation of urinary and fecal excretion as in mammals. However, uric acid does not dissolve readily and is relatively nontoxic (50) , but nevertheless, it may have an impact on protein degradation and/or induction of bacterial responses, although we reasoned that such an impact should be limited given that sample handling was swift, reducing exposure to the presence of the relatively insoluble uric acid. Having demonstrated the potential of the methodologies developed in this study, it is appropriate that a series of proteomics analyses of different parts of the chicken digestive tract could be performed to produce a comprehensive picture of the gut microbiota, as bacterial diversity is considerably increased along the tract from the stomach to the colon (51) , and protein expression may also vary to adapt to different environments.
Although GroEL proteins were the most frequently identified proteins, GO SLIM biological process analysis indicated that most identified proteins were involved in metabolic processes of carbohydrate, alcohol, and protein (Fig. 2) instead of protein folding, suggesting that once the adaptation was induced, other processes functioned normally. This notion was supported by the KEGG pathway analysis, as many identified proteins were involved in metabolism, biosynthesis of secondary metabolites, and other metabolically related pathways. The peptides identified suggested that metabolically related proteins were more abundant, indicating that the gut bacteria were thriving.
On average, 2 to 6 peptides were associated with the GroEL proteins, indicating that these proteins were not very abundant in our data set. This raised the question of why so many of these proteins were identified in chicken fecal samples instead of some more abundant proteins, such as pyruvate kinases. The answer might lie in the sequence diversity of GroEL proteins. To be identified as a new protein, at least one unique peptide has to be identified. Proteins such as pyruvate kinases may be more conserved so that it is difficult to find many of them with unique peptides. Also, the peptides identified most frequently by using the specific methods developed in this study were assigned to GroEL and pyruvate kinase proteins. We had anticipated the detection of presumed high-abundance ribosomal proteins, as these are found in multiple copies per cell, perhaps in the range of 100 to 1,000 copies each. While these were detected, but not in the abundance of GroEL and pyruvate kinases, we suggest that methods to quantify peptides by comparison with internal standards, such as ribosomal proteins, need to be explored.
The protein extraction method has an effect on the identified proteins. In this study, although the buffer for protein extraction contained the detergent 0.1% Tween 80, only 8% of proteins were membrane proteins (Fig. 2) . Genomic sequencing analysis predicts that 20 to 30% of proteins produced by most organisms are integral membrane proteins (52) . This comparison suggests that 0.1% Tween 80 did not release all membrane proteins into the solution. In a previous human metaproteomics study, the cell pellet was resuspended in 6 M guanidine, which should solubilize more membrane proteins (49) . To fractionate membrane proteins, 1 to 1.5% Triton X-100 was used for a human T cell line study (53) . Also, the Fasp method used to generate peptides was centered on a filter column. The filter can clean samples efficiently for large-scale protein identification (54) . However, some small proteins might have been lost through the filter during sample preparation, as the cutoff point was 30 kDa. Although many small proteins with molecular masses of Ͻ10 kDa were identified in this study (see Table S3 in the supplemental material), it was a factor to consider.
Another issue in proteomic analysis is undersampling. It is often observed that many low-abundance proteins remain undetected in large-scale proteomic analyses. This is caused by the limited rate of MS/MS spectra acquired from a mass spectrometer. To overcome this, peptide fractionation to reduce sample complexity and resampling are common techniques (17) . In this study, a sim-ple SAX fractionation step proved to be effective. It was also found that the different combinations of Mascot searches resulted in 30% more proteins being identified. In this study, 812 proteins were identified with Fasp only, and 3,297 proteins were identified when both Fasp and SAX methods were used in a sequential manner. In other metaproteomics studies, the numbers of identified proteins reported were between 1,000 and 2,000 (49, 55) . In a single run, Ͼ2,000 proteins were identified from HeLa cells by using Fasp only (54) . When both Fasp and SAX were combined, 4,000 to 5,000 proteins were identified from mouse hippocampus tissues (20) . Those methods were developed by using an LTQObitrap mass spectrometer, which is a more sensitive instrument than the Agilent 6520 QTOF instrument used in this study. The sample preparations for the Fasp and SAX methods were simple and fast and therefore were suitable for large-scale protein identifications.
In a previous human metaproteomics study, the most abundant microbial proteins were glyceraldehyde-3-phosphate dehydrogenase, ribosomal proteins, and electron transfer flavoproteins (49) , whereas in the chicken gut, the most abundant microbial proteins were the chaperone GroEL, glyceraldehyde-3-phosphate dehydrogenase, and glutamate dehydrogenase. In that same human study, the most frequently identified proteins were from Bacteroides, Bifidobacterium, and Clostridium (49), which showed a good correlation with the fingerprint data (56), while in this study, the most frequently identified proteins were from Lactobacillus, followed by Clostridium and Streptococcus. Among the differences in diets, environments, and host immunity, higher body temperature might be accounted for the most.
In conclusion, a large number of proteins was identified by using QTOF and the Mascot search engine. Gene ontology and pathway analyses were carried out to reveal functions of the identified proteins in normal situations. This study was focused on an understanding of the microbial composition in the healthy chicken gut. Having established these baselines, future studies on quantitative analysis of fecal samples in healthy and diseased chickens could potentially reveal any changes in composition and bacterial protein expression as a result of a changed health/disease status or changed feed regimens. The effects of diet are important topics for the poultry industry. By using tools such as proteomics and16S rRNA gene sequencing together with metabolomics, the state of gut microbiota can be described more accurately.
